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PRESENTING A DIVERSITY OF
RECOMMENDATIONS

RELATED APPLICATION

This is a continuation application which claims the priority
under 35 U.S.C. §120 to U.S. application Ser. No. 12/033,
540, filed Feb. 19, 2008, which claims the benefit under 35
U.S.C. §119(e) of U.S. Patent Application No. 60/890,606,
filed Feb. 19, 2007, all of which are incorporated by reference
herein in their entireties.

BACKGROUND

This specification relates to identifying particular data
objects for recommendation.

The interconnection of the world’s computers, made pos-
sible by the Internet, makes the information in millions of
data stores available at the user interface of a connected
device. Along with this abundance of data comes the associ-
ated problem of locating information of interest. In order to
present contextually pertinent information, computer sys-
tems often provide a list of recommended data objects or
content items, for example, results identified from among
some quantity of candidate data objects. The identification
can use any number of identification algorithms and criteria.
Search engines provide a solution to this information finding
problem in cases where a user knows, at least in some
respects, what she is seeking. A query that includes one or
more keywords related to the information being sought is
entered, and the system returns a set of results, identifying
data objects from which the user can choose. Other systems
can provide recommendations based on a given context. A
context can be, for example, a state of a collection of user data
that evidences user interests through records of past activity.
For example, a news web site can recommend news articles
based on user interests evidenced by past Internet browsing
activity, or as another example, a shopping web site can
recommend products to a user based on product pages that a
user has previously chosen to view.

Often, the set of data from which a given system identifies
results includes two or more highly similar data objects. That
is, the result set includes multiple results that are so similar
that their inclusion in the result set might be considered by a
user to be redundant. This often follows from the identifica-
tion methods used to select results. If a first data object iden-
tified from a set of a candidate data scores highly according to
the identification method used, then a similar data object is
likely to score highly as well, leading to both being included
in the set of results. In some cases, where a data set has many
similar data objects, similar result listings might make up a
majority, or an entire set of results.

In some situations, such as, for example, a search for a
certain location of a retail chain, repetitive similar listings can
bedesirable. In other cases, however, such repetition obscures
more dissimilar results that might be of interest to the user; or
where the number of results is limited, the repetitive results
may push any dissimilar results out of the result set com-
pletely.

SUMMARY

This specification describes technologies relating to iden-
tifying a diversity of recommendation results.

In general, one aspect of the subject matter described in this
specification can be embodied in methods that include the
actions of identifying K results from among a set of data
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objects, K being an integer greater than 1, each of the data
objects in the set of data objects having a marginal interest-
likelihood score, where identifying K results comprises iden-
tifying, from among the objects in the set of objects, a first
result and first remaining data objects, the first remaining data
objects being the set of data objects excluding the first result;
then identifying from among the first remaining data objects
a second result having a maximum conditional interest-like-
lihood score given that the first result is not selected; and
presenting the K results.

One aspect of the subject matter described in this specifi-
cation can be embodied in methods that include the actions of
determining K results from among a set of data objects that
give the expression

o =I(select R )+{(select R, given no selection of

R)+. .. +i(select Ry given no selection of any of

Ry...Rgy)
a maximum value, where each R, is a distinct result in the set
of data objects, I(select R ) is a calculated interest-likelihood
score representing a likelihood that a user will select R from
alist of presented results, I(select R, given no selection of R, )
is a calculated interest-likelihood score representing a likeli-
hood that the user will select R, given that the user does not
select R,, and I(select R given no selection of any of R . ..
R,.;) is a calculated interest-likelihood score representing a
likelihood that the user will select R, given that the user has
not selected any of R, through R, ;; and presenting the K
results.

Particular embodiments of the subject matter described in
this specification can be implemented to realize one or more
of the following advantages. The invention can provide a
diverse result set which increases the likelihood that at least
one of the results in the set will be of interest to a user.

The details of one or more embodiments of the subject
matter described in this specification are set forth in the
accompanying drawings and the description below. Other
features, aspects, and advantages of the subject matter will
become apparent from the description, the drawings, and the
claims.

BRIEF DESCRIPTION OF THE DRAWINGS

FIG.1is a flow chart of an exemplary process for providing
a diverse result set.

FIG. 2 is a block diagram of an exemplary system imple-
menting a process for providing a diverse result set.

FIG. 3 is a block diagram of an alternative exemplary
system implementing a process for providing a diverse result
set.

FIG. 4 is a block diagram of an exemplary system imple-
menting a process for providing a diverse result set using a
covisitation analysis.

FIG. 5 illustrates an example Internet news site homepage
having a recommended articles section.

FIG. 6 illustrates an example Internet news page with a list
of recommended articles.

FIG. 7 is a block diagram of an exemplary news article
recommendation system implementing a process for provid-
ing a diverse result set using a covisitation analysis.

Like reference numbers and designations in the various
drawings indicate like elements.

DETAILED DESCRIPTION

FIG.1is a flow chart of an exemplary process for providing
a diverse result set. The process operates in reference to a set
of'data. The data set is made up of a number of data objects.
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The data objects in a data set can be of one or more types. For
example, data objects can be files, database records, web
pages, text documents, multimedia documents, or any other
separately-addressable computer-storable form of informa-
tion.

The data objects in the data set can be associated with
probabilities indicating a likelihood that the data objects
would be of interest to a user. In the methods described below,
user selections (e.g., user clicks in user interfaces at user
interface devices) are used as indications of user interest in a
data object. User selection information for a user or a group of
users can be collected and analyzed to determine user interest.
The described methods, however, are applicable to other indi-
cations of user interest, collected survey results, for example.
Where user selections are used as indications of interest,
selection modes can include user input such as clicks and key
presses, touch screen inputs, voice commands, tracked eye
movements, and the like.

The data objects in the data set can each have an interest-
likelihood score indicating a likelihood that the data objects
would be selected by a user if the user is presented with the
opportunity to do so. An interest-likelihood score is a score
that is indicative of the likelihood of a user acting on an
interest in a corresponding data object, e.g., a user selecting
the corresponding data object. In some implementations, the
interest-likelihood score is an empirically determined prob-
ability of user interest in a corresponding data object. Each
data object can have an interest-likelihood score that, for
example, indicates the probability that a user will select a
given data object if a result representative of that data object
is presented to the user. For example, the interest-likelihood
score can represent the likelihood that a user will click on a
result listing that references the given data object if the result
listing is presented to the user in a list. For example, where the
result listing shows a URL pointing to a data object that is the
web page, a user click could cause a web pageto be displayed.

Interest-likelihood scores, sometimes in the form of prob-
abilities, are conventionally calculated by Internet recom-
mendation engines, such as, for example, search engines, and
insofar as it affects the process, any convenient form of cal-
culation can be used. In some implementations, for example,
the interest-likelihood scores can depend on the information
the recommendation engine has about the user. In other
implementations, the interest-likelihood scores can be user
independent. Generally, the scores are calculated with refer-
ence to a given context. For example, an Internet search
engine is a type of a recommendation engine where the con-
text includes a search request, and results are identified from
the data objects based on a calculated probability that a given
data object satisfies the search request. Interest-likelihood
scores of this kind are also calculated by other types of rec-
ommendation engines in generating a list of recommended
data objects based on known information. For example, a
recommendation engine can generate a list of recommended
news articles for a user based on known user interests. The
methods described below can be used with all types of rec-
ommendation engines, including, for example, search
engines.

The description that follows presents examples using prob-
abilities as the interest-likelihood scores. However, the cal-
culations can be performed using more general interest-like-
lihood scores that, for example, need not be numbers between
Oand 1.

A system implementing the process 100 calculates the
probabilities of user selection across a set of data (104). The
process identifies a first result having a maximum probability
of being selected (106). If no additional results are to be
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identified (108), then the process ends (110). If additional
results are required or requested, then a conditional probabil-
ity is calculated (112). A result having a highest probability of
being selected according to this calculation is identified
(114). The process continues to calculate conditional prob-
abilities if additional results are to be identified (108), and
ends when no more additional results are to be identified
(110).

At each iteration, the conditional probability that is calcu-
lated is a conditional probability that a result will be selected,
e.g., clicked by a user as a search result, given that none of the
previously-identified results has been selected, e.g., clicked
by the user as a search result. In some implementations, a
surrogate for this conditional probability is calculated, as will
be described below.

The process can be used to provide diversity in a result set
presented to a user. A list of results identified in this manner
tends to maximize the likelihood that at least one of the results
will be of interest to a user, and, for example, be selected by
a user to whom they are presented.

Conventionally, a set of results is identified in a manner that
maximizes a total probability of selection where each result is
identified without regard to other identified results. That is,
conventional identification methods generally attempt to
identify results to maximize a total probability by selecting a
set of K results R, that maximize P,,;,; according to the
following equation:

Propar=P(select R )+P(select Ry)+ . . . +P(select Ry)

where “P(select R,)” is the marginal probability of R, being
selected, i.e., the probability of R, being selected regardless of
any other selection event.

Where the data set includes many similar or otherwise
related data objects, however, this identification method can
lead to a set of results that is repetitive and perhaps redundant.
Also, where the probability calculation used does not accu-
rately predict a user’s interest, this method risks returning a
result set having no results which are of interest to the user and
therefore none are selected.

In contrast, the process of FIG. 1 tends to identify a diverse
set of results. This process can be thought of as an attempt to
maximize P, ;, expressed as follows:

Propa=P(select R }+P(select R, given no selection
of R))+ ... +P(select Rx given no selection of
any of Ry ... Rgy)

The expression immediately above corresponds to user
selection used as an indication of user interest. That expres-
sion can be represented more generally as:

Porq =Plinterest in R, )+P(interest in R, given no
interest in R )+ . . . +P(interest in Ry given no
interest in any of R ... Rxg. ;)

and more generally as:

o =I(interest in R | )+I(interest in R, given no
interest in R )+ . . . +{(interest in R given no
interest in any of R ... Rxg. ;)

where “I” is an interest-likelihood score. Interest-likelihood
scores “I” can be used in place of probabilities “P” in the
probability examples described in this specification.

Identifying results in this manner helps to ensure a set of
diverse results.

The process of FIG. 1 can be implemented in a computer
system which provides result listings. For example, the pro-
cess can be used in returning search results to a user of an
Internet search engine. The process can also be used in a
recommendation system that makes recommendations based
on, for example, past user activity.
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FIG. 2 is a block diagram of a system 200 implementing a
process for providing a diverse result set. The diverse results
generator 202 implements the process of FIG. 1 and receives
input from the data objects element 204, the object ranking
element 206, and the relatedness element 208. As described
below, inputs from these elements can be used to calculate the
probability that a user will select a given result. The data
objects element 204 can be a database storing the data objects
from which a result set will be identified. Alternatively, the
data objects element 204 can be a database holding descrip-
tions of the data objects, an index of data objects, and/or an
index of data object descriptions. The object ranking element
206 can provide rankings of the data objects. The relatedness
element 208 can provide relatedness scores that indicate a
level of relatedness between one data object and one or more
other data objects. The process of providing a diverse result
set is not dependent on the specific ranking technique and
relatedness scoring technique. Various techniques of ranking
and scoring can be accommodated though the use of bias
values. Relatedness may be defined in a domain dependent
manner. For example, in the domain of web pages, consider-
ing a first web page W1, a second a web page W2 may be
considered directly related to W1 if W1 links to W2, and W2
may be considered indirectly related to W1 if W2 links to a
third web page W3 which in turn links to W1.

In the domain of a music search site, on the other hand,
where results are data objects containing songs, an example
definition of relatedness might be, considering a first song s1,
s1 and a second song s2 are considered directly related if they
are sung by the same singer in the same album, and indirectly
related if sung by the same singer but in different albums.

Returning to the example of web pages, W1 can also be
related to W2 if the two pages include, for example, similar
content. Similarity is a more specific form of relatedness. In
some implementations, the relatedness element 208 provides
a content similarity score.

In some implementations, the diverse results generator
202, in operation, identifies K results where the probability
that any result R, will be selected by a user is calculated
according to the following formula:

P(RgINotR, ... Rgx )=
e~ BO-BIRK)-BoRelared(R1 . . . RK-1, RK)

M

In this formula, P(Rx Not (R, . . . Rx))) is the conditional
probability that a user will select R given that the user did not
select any of R, through Ry ;. o is a value learned from
training the system; and 3, is a (non-negative) learned bias
value, as are 3, and f§,. (Ry) is a measure of the inverse
likelihood of a user selecting R - considered in isolation. That
is:

1
S(Rg)= ——
RO = ke

where y(R) is a measure of the likelihood of a user selecting
R, considered in isolation (i.e., without regard to previously
identified results). This, y(Rz), is Rx’s marginal selection
probability. Related(R, . . . Rg. |, Ry) is a measure of the
relatedness between R and R, through R, . It can be seen
that, according to formula (1), above, as the relatedness
between R, and R, though R, , increases, the calculated
conditional probability that a user will select the result R,
decreases. The bias values po, ,, and f, can be selected or
learned in order to appropriately adjust the effect of the expo-
nent terms on the calculation. The o and f§ parameters can be
learned by using any conventional machine learning tech-
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6

nique, e.g., an expectation-maximization algorithm, regres-
sion algorithm, etc., to a log of user click data collected from
user interactions with presentations of data objects including
R, ... Rg

For the first result, where no previous results have been
identified, the above formula reduces to:

P(R)=ciePo-B1o®D

This represents the marginal selection probability that R, will
be selected as weighted for use with the formula where K>1.
It is not conditioned on any previously identified selection
results since none have been identified prior to R, being
identified. Values for later results (R, . . . ) can be penalized
based one or more measures of relatedness (e.g., similarity
and linking) between those results and previous results.

FIG. 3 is a block diagram of another exemplary system 300
implementing a process for providing a diverse result set. In
the system illustrated in FIG. 3, the data objects are docu-
ments available on the Internet, e.g., web pages. In this case,
a similarity element 309, a link element 310, and a vector
element 312 are included to adjust the probability calculation
based on whether the web documents are similar, link to one
another, and are linked through other web documents, respec-
tively.

The diverse results generator 302 can identify K results
according to the process of FIG. 1 where the probability that
any result R, will be selected by a user can be calculated
according to the following.

P(RgINOt(R, ... Rg )=

e PO-PIBRK—-B2SRL . .. RK-1, RR—P3LinkR] . . .
K1 RE—paVectorR] . . . RE 1 RE)

Here the “S”, “Link”, and “Vector” exponents of e penalize
a result for different forms of relatedness between R .- and the
results R, . .. Ry |. These exponents penalize a result that is
similartoresults R, ... R, |, links directly to any of the results
R, ... Ry, is linked directly to by any of the results R . . .
Ry, or is linked through other documents to any of the
resultsR, ... Ry ;. The exponent “~f,S(R, ... Rz ;, Rx)” can
be used to decrease the calculated probability of a user select-
ing R where 3, is a learned bias valueand S(R, .. . R, Rz)
is a measure of the similarity between R and R, through
Ry ;. Theterm “-p;Link(R; ... R ;, Rz)” can beused as an
additional exponent to decrease the calculated probability of
a user selecting R, where [; is a learned bias value and
Link(R, . ..Rg ;, Rp) is a value based on whether or not R
directly links to or is directly linked to by any of R, ... Rx ;.
The additional exponent “~f ,Vector(R, ... Rz ;,Rz)’ canbe
used to affect the probability calculation where {3, is a learned
bias value and Vector(R,-Rx;, R) is a value based on
whether or not R and any of R, . .. R, are linked (indi-
rectly) to each other through other web pages. The value can
depend on the number of pages (if any) between R and any
of R, though R, ;. Though shown together in the above
example, exponents for similarity, direct linking, and vec-
tored linking can be used separately.

Analyzing each of the data objects to compute relatedness
measurements based on content can be computationally
expensive. In some implementations, similarity between
results can be measured using records of past user activity.
Forexample, a click history of a user and/or the click histories
of many users can be used (e.g. a covisitation analysis of
records of past user activity can be used to generate a simi-
larity score). Such an approach is content agnostic, is less
computationally intensive, and has the added advantage of
users making similarity determinations, at least implicitly.
Having users make similarity determinations is advantageous
because it is the behavior of the users that the probability
calculation is attempting to model.
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FIG. 4 is a block diagram of an exemplary system imple-
menting a process for providing a diverse result set using a
covisitation measurement. The diverse results generator 402
can receive a covisitation score from covisitation element
404.

Covisitation measurements can be computed in a number
of different ways using user click (selection) histories of, for
example, user activity performed using an Internet browser.
Covisitation can be said to occur, for example, where a click
history indicates that a user has selected both R, and R,
(covisitation measured within a user boundary). Covisitation
can alternatively be defined as occurring where a click history
indicates that a user selected both R, and R, during a certain
period of time (covisitation measured within a user boundary
and a time boundary). Covisitation can alternatively be
defined as occurring where a click history indicates that a user
selected both R, and R, during a single session (covisitation
measured within a user boundary and a session boundary).

In the exemplary embodiment depicted in FIG. 4, input
from the covisitation element 404 is used to determine a
similarity score between R and any previously identified
results. For brevity, this score will be referred to as a covisi-
tation score. The probability of a user selecting R becomes:

P(RgINOt(R, ... Rg |))=cie PoPIORO-F2CVERL ..
RELRE)
where Cv is the covisitation score between R, and any pre-
viously identified results.

In some implementations, the process for providing
diverse results is used in an Internet news article recommen-
dation system.

FIG. 5 illustrates an example Internet news site homepage
500 having a recommended articles section. Links section
502 includes links to pages having additional articles in the
listed groupings. The welcome message at the top of the
homepage indicates that a user Jane Doe is logged into or
otherwise known by the site (e.g., through the use of browser
cookies and the like). The homepage also includes a top
stories section 504 including titles and snippets for two news
articles, a recommendation section 506 including titles and
snippets for two news articles, and additional sections 508
which have titles and snippets for articles in various topic
groupings.

The two articles represented by the titles and snippets in the
recommendation section can be identified from a set of data
objects, which in this example are a pool of candidate articles,
by a process for identifying diverse results. There are two
recommended articles shown, i.e., K=2 for the calculations
described above. A user click on the “Recommended” link,
either in the links section 502 or at the top of the recommen-
dation section 506, can cause a browser to display another
page that includes a longer list of recommended articles.

Clicking on either of the “Recommended” links can, for
example, cause the browser to display a page like the one
illustrated in FIG. 6.

FIG. 6 illustrates an example Internet news page 600 with
a list of recommended articles. The recommended section
602 includes a list of article titles and snippets. Ten articles are
represented in section 602. The ten articles were identified
from a pool of candidate articles by a process for identifying
diverse results.

For a news recommendation system, the data set (the pool
of candidate articles) is subject to frequent changes and
updates. For an up to date news site, new articles are fre-
quently added, and old articles may become stale and be
dropped from the pool of candidates.
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The news recommendation system can pick a set of K
articles according to:

P(RxINOt(R, ... Rg.))=0e FOPIRRR-FICVRL ...
rRKL REK),

Generally it is desirable to present results in an order of
decreasing likelihood of user interest starting with the result
most likely to be of interest to the user, but it is not a require-
ment that identified results be presented to a user in the order
identified or in any particular order. For such a system, cov-
isitation can be defined as the visitation of two articles by the
same user within a defined period of time (covisitation mea-
sured within a user boundary and a time boundary).

FIG. 7 is a block diagram of an exemplary news article
recommendation system implementing a process for provid-
ing a diverse result set using a covisitation analysis. The
diverse results generator 702 receives input from the candi-
date articles element 704, the article rankings element 706,
and the covisitation element 708. Click histories element 712
provides input to the article rankings element 706 and the
covisitation element 708.

In some implementations, users can be clustered based on
areas of interest for purposes of article ranking. For example,
users interested in world politics can be clustered. Clicks on
articles made by members of the cluster can then affect the
ranking of those articles for other members in the cluster.
User clustering can be performed according to known clus-
tering techniques.

The article ranking element 706 provides the (R ) term in
the calculation. The current user is known (being logged in, or
from a cookie, on the web site, and this information is passed
to the diverse results generator 702 and/or the article ranking
element 706).

The covisitation element 708 provides the Cv(R, ... Ry,
Rp) term in the probability calculation. The covisitation score
ofanarticle R, is based on the number of users (having a click
history inthe click histories element 712) that have clicked on
both the article R and any of the previously identified results
R, through R, ; within a certain time interval. For example,
covisitation can be said to occur between R, and R, where
any user having click history information in the click histories
element 712 clicks on R - and also clicks on R | within the next
three hours. The number of instances of covisitation between
articles can be tracked by the covisitation element and used to
calculate the covisitation score. The effect of covisitation
occurrences on the covisitation score can be discounted over
time based on their age. In some implementations, the cov-
isitation score of an article R is based on a set of users
(having click history in the click histories element 712) that
have clicked on both the article R, and any of the previously
identified results R, through R, ; within a certain time inter-
val. For example, a count corresponding to a user in the set
can be weighted according to a property of that user, e.g., that
the user has shared common interests with the user for which
recommendations are being made.

In operation, a first result article is identified from the
candidate articles by the diverse results generator 702. The
diverse results generator 702 iterates over the candidate
articles to determine the article having a maximum probabil-
ity of being selected. Since no previous articles have been
identified, the value of Cv in this case is zero and the term
disappears from the probability calculation. In identifying a
second result, the diverse results generator will iterate over
the candidate articles to identify a second article having a
maximum probability of being selected. In this case, how-
ever, probability calculations will be affected by whether or
not the articles have been covisited with the first identified
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article. If covisitation exists, then the probability value for the
candidate article is decreased. This can tend to cause the
second identified result to be diverse from the first identified
result. The diverse results generator 702 will continue to
identify additional results based on the number of results
requested (K). For the web page shown in FIG. 5, two articles
are identified in this manner. For the web page shown in FIG.
6, ten articles are identified in this manner.

Embodiments of the subject matter and the functional
operations described in this specification can be implemented
in digital electronic circuitry, or in computer software, firm-
ware, or hardware, including the structures disclosed in this
specification and their structural equivalents, or in combina-
tions of one or more of them. Embodiments of the subject
matter described in this specification can be implemented as
one or more computer program products, i.e., one or more
modules of computer program instructions encoded on a tan-
gible program carrier for execution by, or to control the opera-
tion of, data processing apparatus. The tangible program car-
rier can be a propagated signal or a computer-readable
medium. The propagated signal is an artificially generated
signal, e.g., a machine-generated electrical, optical, or elec-
tromagnetic signal, that is generated to encode information
for transmission to suitable receiver apparatus for execution
by a computer. The computer-readable medium can be a
machine-readable storage device, a machine-readable stor-
age substrate, a memory device, a composition of matter
effecting a machine-readable propagated signal, or a combi-
nation of one or more of them.

The term “data processing apparatus”™ encompasses all
apparatus, devices, and machines for processing data, includ-
ing by way of example a programmable processor, a com-
puter, or multiple processors or computers. The apparatus can
include, in addition to hardware, code that creates an execu-
tion environment for the computer program in question, e.g.,
code that constitutes processor firmware, a protocol stack, a
database management system, an operating system, or a com-
bination of one or more of them.

A computer program (also known as a program, software,
software application, script, or code) can be written in any
form of programming language, including compiled or inter-
preted languages, or declarative or procedural languages, and
it can be deployed in any form, including as a stand-alone
program or as a module, component, subroutine, or other unit
suitable for use in a computing environment. A computer
program does not necessarily correspond to a file in a file
system. A program can be stored in a portion of a file that
holds other programs or data (e.g., one or more scripts stored
in a markup language document), in a single file dedicated to
the program in question, or in multiple coordinated files (e.g.,
files that store one or more modules, sub-programs, or por-
tions of code). A computer program can be deployed to be
executed on one computer or on multiple computers that are
located at one site or distributed across multiple sites and
interconnected by a communication network.

The processes and logic flows described in this specifica-
tion can be performed by one or more programmable proces-
sors executing one or more computer programs to perform
functions by operating on input data and generating output.
The processes and logic flows can also be performed by, and
apparatus can also be implemented as, special purpose logic
circuitry, e.g.,an FPGA (field programmable gate array) or an
ASIC (application-specific integrated circuit).

Processors suitable for the execution of a computer pro-
gram include, by way of example, both general and special
purpose microprocessors, and any one or more processors of
any kind of digital computer. Generally, a processor will
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receive instructions and data from a read-only memory or a
random access memory or both. The essential elements of a
computer are a processor for performing instructions and one
or more memory devices for storing instructions and data.
Generally, a computer will also include, or be operatively
coupled to receive data from or transfer data to, or both, one
or more mass storage devices for storing data, e.g., magnetic,
magneto-optical disks, or optical disks. However, a computer
need not have such devices. Moreover, a computer can be
embedded in another device, e.g., a mobile telephone, a per-
sonal digital assistant (PDA), a mobile audio or video player,
a game console, a Global Positioning System (GPS) receiver,
to name just a few.

Computer-readable media suitable for storing computer
program instructions and data include all forms of non-vola-
tile memory, media and memory devices, including by way of
example semiconductor memory devices, e.g.,, EPROM,
EEPROM, and flash memory devices; magnetic disks, e.g.,
internal hard disks or removable disks; magneto-optical
disks; and CD-ROM and DVD-ROM disks. The processor
and the memory can be supplemented by, or incorporated in,
special purpose logic circuitry.

To provide for interaction with a user, embodiments of the
subject matter described in this specification can be imple-
mented on a computer having a display device, e.g., a CRT
(cathode ray tube) or LCD (liquid crystal display) monitor,
for displaying information to the user and a keyboard and a
pointing device, e.g., amouse or a trackball, by which the user
can provide input to the computer. Other kinds of devices can
be used to provide for interaction with a user as well; for
example, feedback provided to the user can be any form of
sensory feedback, e.g., visual feedback, auditory feedback, or
tactile feedback; and input from the user can be received in
any form, including acoustic, speech, or tactile input. In addi-
tion, computers can interact with a user by sending docu-
ments to and receiving documents from a device that is used
by the user; for example, by sending web pages to a web
browser on a user’s client device in response to requests
received from the web browser.

While this specification contains many specific implemen-
tation details, these should not be construed as limitations on
the scope of any invention or of what may be claimed, but
rather as descriptions of features that may be specific to
particular embodiments of particular inventions. Certain fea-
tures that are described in this specification in the context of
separate embodiments can also be implemented in combina-
tion in a single embodiment. Conversely, various features that
are described in the context of a single embodiment can also
be implemented in multiple embodiments separately or in any
suitable subcombination. Moreover, although features may
bedescribed above as acting in certain combinations and even
initially claimed as such, one or more features from a claimed
combination can in some cases be excised from the combi-
nation, and the claimed combination may be directed to a
subcombination or variation of a subcombination.

Similarly, while operations are depicted in the drawings in
a particular order, this should not be understood as requiring
that such operations be performed in the particular order
shown or in sequential order, or that all illustrated operations
be performed, to achieve desirable results. In certain circum-
stances, multitasking and parallel processing may be advan-
tageous. Moreover, the separation of various system compo-
nents in the embodiments described above should not be
understood as requiring such separation in all embodiments,
and it should be understood that the described program com-
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ponents and systems can generally be integrated together in a
single software product or packaged into multiple software
products.

Particular embodiments of the subject matter described in
this specification have been described. Other embodiments
are within the scope of the following claims. For example, the
actions recited in the claims can be performed in a different
order and still achieve desirable results. As one example, the
processes depicted in the accompanying figures do not nec-
essarily require the particular order shown, or sequential
order, to achieve desirable results. In certain implementa-
tions, multitasking and parallel processing may be advanta-
geous.

What is claimed is:

1. A computer implemented method, the method compris-
ing:

identifying K results from among a set of data objects, K

being an integer greater than 2 wherein identifying K
results comprises:

identifying from among the data objects in the set of

objects a first result of the K results and first remaining
data objects, the first result being one data object of the
set of data objects and the first remaining data objects
being the set of data objects excluding the first result;
and then

identifying from among the first remaining data objects a

second result of the K results having a maximum con-
ditional interest-likelihood score that a user will select
the second result, wherein the score is based in part on a
measure of similarity between the first result and the
second result, and wherein the score decreases as the
measure of similarity increases; and

providing the K results as recommendations including the

first result and the second result.

2. The method of claim 1 wherein the maximum condi-
tional interest likelihood score that the user will select the
second result assumes that the user does not select the first
result.

3. The computer implemented method of claim 2, wherein
K is greater than 3, and wherein identifying K results further
comprises:

identifying (K-1)st remaining data objects, the (K-1)st

remaining data objects being the first remaining data
objects excluding the second through the (K-1)st
results; and

identifying from among the (K-1)st remaining data objects

a Kth result having a maximum conditional interest-
likelihood score that the user will select the Kth result
given that the first result through the (K-1)st results are
not selected.

4. The method of claim 1 wherein the measure of similarity
between the first result and the second result is based on a
history of past user click behavior.

5. The method of claim 4 wherein the history of past user
click behavior takes into account user selections of the first
result and the second result when the first result is selected
within a same time period as the second result.

6. The method of claim 4 wherein the history of past user
click behavior takes into account user selections of the first
result and the second result when the first result is selected
within a same time session as the second result.

7. The computer implemented method of claim 1, wherein
K is at least 3, and wherein identifying K results further
comprises:

identifying second remaining data objects, the second

remaining data objects being the first remaining data
objects excluding the second result; and
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identifying from among the second remaining data objects
a third result having a maximum conditional interest-
likelihood score that the user will select the third result
given that the first result and the second result are not
selected.
8. The computer implemented method of claim 1, wherein
each conditional interest-likelihood score is calculated
according to the formula

I(RINOt(R, . .. RKil)):aefﬁofﬁlé(RK)—ﬁz(Rl .- RE-1, RE)

where a is a value learned from training, f3,, 3, and f3, are
learned bias values, d(R.) is a measure of the inverse
likelihood of a user selecting R considered in isolation,
and S(R, . .. Rg, Ry) is a measure of the similarity
between R, and R, through R, ;.
9. The computer implemented method of claim 1, wherein
each conditional interest-likelihood score is calculated
according to the formula

I(RgINOt(R, . . . Ry ))=ae POBIBRO-PISR] . ..
K1 RRO-B3Link(R] . .. RK-1, RE),

where a is a value learned from training, 3, ;, ., and 35 are
learned bias values, 0(R.) is a measure of the inverse likeli-
hood of a user selecting R, considered in isolation, S(R, . ..
Rz 1> Ry) is a measure of the similarity between R and R,
through R, |, and Link(R, ... Ry ;, Ry) is a value based on
whether R directly links to or is directly linked to by any of
R, ...Rg .

10. The computer implemented method of claim 1,
wherein each conditional interest-likelihood score is calcu-
lated according to the formula

I(RgINOt(R, . . . Ry ))=ae POBIBRO-PISE] . ..
KL RR-B3Link(R] . .. RE-1, RR)—BaVector(R] . . . RK-1, RK),

where a is a value learned from training, Bq, 1, P2, B3, and .,
are learned bias values, 3(Ry) is a measure of the inverse
likelihood of a user selecting R, considered in isolation, S
(R, ... Rg, Ry) is a measure of the similarity between R,
and R, throughR,. |, Link(R, ...Rx ;,Rz)is a value based on
whether R directly links to or is directly linked to by any of
R, ... Ry, and Vector(R,-Rx ;, Ry) is a value based on
whether R -and any of R ... R, | areindirectly linked to each
other.

11. The computer implemented method of claim 1,
wherein the first result has a maximum marginal interest-
likelihood score among the set of data objects.

12. The computer implemented method of claim 1,
wherein the conditional interest-likelihood score is calculated
as an empirically determined probability.

13. A system comprising:

data processing apparatus programmed to perform opera-

tions comprising:

identifying K results from among a set of data objects, K
being an integer greater than 2 wherein identifying K
results comprises:

identifying from among the data objects in the set of
objects afirstresult of the K results and first remaining
data objects, the first result being one data object of
the set of data objects and the first remaining data
objects being the set of data objects excluding the first
result; and then

identifying from among the first remaining data objects
a second result of the K results having a maximum
conditional interest-likelihood score that a user will
select the second result, wherein the score is based in
part on a measure of similarity between the first result
and the second result, and wherein the score decreases
as the measure of similarity increases; and
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providing the K results as recommendations including
the first result and the second result.

14. The system of claim 13 wherein the maximum condi-
tional interest likelihood score that the user will select the
second result assumes that the user does not select the first
result.

15. The system of claim 14, wherein K is greater than 3, and
wherein identifying K results further comprises:

identifying (K-1)st remaining data objects, the (K-1)st

remaining data objects being the first remaining data
objects excluding the second through the (K-1)st
results; and

identifying from among the (K-1)st remaining data objects

a Kth result having a maximum conditional interest-
likelihood score that the user will select the Kth result
given that the first result through the (K-1)st results are
not selected.

16. The system of claim 13 wherein the measure of simi-
larity between the first result and the second result is based on
a history of past user click behavior.

17. The system of claim 16 wherein the history of past user
click behavior takes into account user selections of the first
result and the second result when the first result is selected
within a same time period as the second result.

18. The system of claim 16 wherein the history of past user
click behavior takes into account user selections of the first
result and the second result when the first result is selected
within a same time session as the second result.

19. The system of claim 13, wherein K is at least 3, and
wherein identifying K results further comprises:

identifying second remaining data objects, the second

remaining data objects being the first remaining data
objects excluding the second result; and

identifying from among the second remaining data objects

a third result having a maximum conditional interest-
likelihood score that the user will select the third result
given that the first result and the second result are not
selected.

20. The system of claim 13, wherein each conditional
interest-likelihood score is calculated according to the for-
mula

IR NOtR, . . . Ry ))=ae POBIRRO-PISE] . ..
K1, RK)

where a is a value learned from training, 3,, 3, and 3, are
learned bias values, (Ry) is a measure of the inverse
likelihood of a user selecting R, considered in isolation,
and SRR, . .. R, Ry) is a measure of the similarity
between R, and R, through R, ;.
21. The system of claim 13, wherein each conditional
interest-likelihood score is calculated according to the for-
mula

IR NOt(R, . . . Ry ))=ae POPIRRO-PISE] . ..
RELRE-B3Link(R] . .. RK-1, RE),

where a is a value learned from training, [, f;, p,,and 35 are
learned bias values, 3(Ry) is a measure of the inverse likeli-
hood of a user selecting R, considered in isolation, S(R, . ..
Rz ;> Ry) is a measure of the similarity between R, and R,
through R, ;, and Link(R, . .. R |, Ry) is a value based on
whether R directly links to or is directly linked to by any of
R, ... Rg,.

22. The system of claim 13, wherein each conditional
interest-likelihood score is calculated according to the for-
mula

IR INOtR, . . . Ry ))=ae POPIRRO-PISE] . ..
KL RR)—B3Link(R] . .. RK-1, RR)—B4Vector@®1 . . . RK-1, RE),
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where a is a value learned from training, Bq, 1, P2, B3, and .,
are learned bias values, 3(Ry) is a measure of the inverse
likelihood of a user selecting R, considered in isolation, S
(R, ... Rg, Ry) is a measure of the similarity between R,
and R, throughR,. |, Link(R, ...Rx ;,Rz)is a value based on
whether R directly links to or is directly linked to by any of
R, ... Ry, and Vector(R,-Rx ;, Ry) is a value based on
whether R -and any of R ... R, | areindirectly linked to each
other.

23. The system of claim 13, wherein the first result has a
maximum marginal interest-likelihood score among the set of
data objects.

24. The system of claim 13, wherein the conditional inter-
est-likelihood score is calculated as an empirically deter-
mined probability.

25. A non-transitory computer-readable storage medium
having instructions stored thereon that, when executed by
data processing apparatus, cause the data processing appara-
tus to perform operations comprising:

identifying K results from among a set of data objects, K

being an integer greater than 2 wherein identifying K
results comprises:

identifying from among the data objects in the set of

objects a first result of the K results and first remaining
data objects, the first result being one data object of the
set of data objects and the first remaining data objects
being the set of data objects excluding the first result;
and then

identifying from among the first remaining data objects a

second result of the K results having a maximum con-
ditional interest-likelihood score that a user will select
the second result, wherein the score is based in part on a
measure of similarity between the first result and the
second result, and wherein the score decreases as the
measure of similarity increases; and

providing the K results as recommendations including the

first result and the second result.

26. The non-transitory computer-readable storage medium
of claim 25 wherein the maximum conditional interest like-
lihood score that the user will select the second result assumes
that the user does not select the first result.

27. The non-transitory computer-readable storage medium
of claim 26, wherein K is greater than 3, and wherein identi-
fying K results further comprises:

identifying (K-1)st remaining data objects, the (K-1)st

remaining data objects being the first remaining data
objects excluding the second through the (K-1)st
results; and

identifying from among the (K-1)st remaining data objects

a Kth result having a maximum conditional interest-
likelihood score that the user will select the Kth result
given that the first result through the (K-1)st results are
not selected.

28. The non-transitory computer-readable storage medium
of claim 25 wherein the measure of similarity between the
first result and the second result is based on a history of past
user click behavior.

29. The non-transitory computer-readable storage medium
of claim 28 wherein the history of past user click behavior
takes into account user selections of the first result and the
second result when the first result is selected within a same
time period as the second result.

30. The non-transitory computer-readable storage medium
of claim 28 wherein the history of past user click behavior
takes into account user selections of the first result and the
second result when the first result is selected within a same
time session as the second result.
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31. The non-transitory computer-readable storage medium
of claim 25, wherein K is at least 3, and wherein identifying
K results further comprises:

identifying second remaining data objects, the second

remaining data objects being the first remaining data
objects excluding the second result; and

identifying from among the second remaining data objects

a third result having a maximum conditional interest-
likelihood score that the user will select the third result
given that the first result and the second result are not
selected.

32. The non-transitory computer-readable storage medium
of claim 25, wherein each conditional interest-likelihood
score is calculated according to the formula

IR NOtR, . . . Ry ))=ae POBIRRO-PISE] . ..
K1, RK)

where a is a value learned from training, 3,, 3, and 3, are
learned bias values, 0(Ry) is a measure of the inverse
likelihood of a user selecting R, considered in isolation,
and SRR, . .. R, Ry) is a measure of the similarity
between R and R, through R .
33. The non-transitory computer-readable storage medium
of claim 25, wherein each conditional interest-likelihood
score is calculated according to the formula

I(RgINOtR, ... Ry ;))—ae POPIBRO-BISRY . ...
K1, RE)-P3Link(R] . . . RK-1, RK),

where a is a value learned from training, [, f;, p,,and 35 are
learned bias values, 3(Ry) is a measure of the inverse likeli-
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hood of a user selecting R, considered in isolation, S(R, . ..
Ry 1, Rg) is a measure of the similarity between R, and R,
through R, ;, and Link(R, ... Rg |, Ry) is a value based on
whether R directly links to or is directly linked to by any of
R, ... R,

34. The non-transitory computer-readable storage medium
of claim 25, wherein each conditional interest-likelihood
score is calculated according to the formula

I(RgINot(R, . .. Ry ))=ae POPIBRO-PISRI . ..
RK-L RE)—P3Link(R] . . . RE-1, RK)-BaVector(R] . . . RK-1, RK),

where o is a value learned from training, f3,, 8, B, f5, and .,
are learned bias values, d(Ry) is a measure of the inverse
likelihood of a user selecting R, considered in isolation, S
(R, ... Rg, Ry) is a measure of the similarity between R,
and R, throughR,. |, Link(R, ...Rx ;,Rz)is a value based on
whether R directly links to or is directly linked to by any of
R, ... Rg,, and Vector(R,-R,, Ry) is a value based on
whether R and any of R, ... R, , areindirectly linked to each
other.

35. The non-transitory computer-readable storage medium
of claim 25, wherein the first result has a maximum marginal
interest-likelihood score among the set of data objects.

36. The non-transitory computer-readable storage medium
of claim 25, wherein the conditional interest-likelihood score
is calculated as an empirically determined probability.
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